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Abstract—A 12-lead ECG hardware device with com-
pression scheme using set partitioning in hierarchical
trees algorithm is reported. The compression algorithm
is expanded with beat reordering technique in order to
increase the regularity between signal in 2D ECG array,
hence reduce the error while maintain to 1:8 compression
ratio. Experimental results shows that the error of sorted
compressed signal is less than the unsorted one. The
result shows error in 1:8 compression ratio was corrected
with nearly 4 percent difference.
I. INTRODUCTION
Heart disease is the leading cause of death for peo-
ple in many countries. With the right treatment, people
induced with heart-related disease can still maintain
their daily life activity. The risk of sudden cardiac
attack can be diminished by having a strict monitoring
to the subject with cardiac disorder. Therefore, an
early response can be given to any anomalous heart
condition and possibly save the life of the patient.
An electrocardiogram (ECG) with 12-lead output is
the most common measurement in clinical practice
which provide comprehensive measurement of heart
activity. A portable device is often used to monitor
without the necessity of the patient to be hospitalized.
A standard ECG device can sample the signal with a
sampling rate of 360Hz and 12 bits resolution. This
sampling rate and bits resolution is considered to be
sufﬁcient to retain the basic shape of the signal for
clinical diagnostic.
However, the high sampling rates and high bits res-
olution create another problem. The required storage
capacity to save the entire recording from 12-lead ECG
device for 24 hour recording is gargantuan (in order of
gigabyte). This problem can worsen, if the data needs
to be transmitted to a central server through internet
connection, for example in a telehealth monitoring
system. Therefore, a compression technique which can
minimize the size meanwhile preserve the full charac-
teristic of the signal as not to cause any misdiagnosis
is of paramount importance and become an important
research topic in the biomedical and signal processing
community.
Several researches have proposed many compres-
sion strategies for ECG signal. For example, AZTEC
encodes a group of plateaus and slopes as ECG signal
representation using vector quantization [1]. Linnen-
bank et al. applied Huffman encoding for residue of
short duration of input ECG signal and its polynomial
ﬁtting [2]. Cohen and Zigel used multilead vector
quantization approach to encode residue of each ECG
cycle and its codebook [3]. Pagetti et al. used Huffman
encoding for residue between each ECG cycle and its
beat template [4]. Miaou and Yen applied adaptive
vector quantization for segmented ECG signal [5].
Other approaches are working on transformed do-
main such as Cetin et al. who applied subband coding
and multirate transform coding to encode the principal
component analysis and discrete cosines transform
(DCT) of input ECG signal [6]. Sastry and Rajgopal
transformed input ECG signal using DCT, then utilized
vector quantization to encode wavelet transformed
DCT coefﬁcients [7]. Prieto and Mailhes modeled the
correlation among different leads from ECG signal
using ﬁnite impulse response ﬁlter and DCT [8].
Sgouros et al. proposed multiple linear regression to
model ECG signal from different leads [9]. Lukin et al.
constructed matrix of certain length of multilead ECG
signal then transform the matrix into frequency domain
using DCT [10]. Martini et al. applied JPEG2000 to
encode matrix representation of input ECG signal [11].
Qin Tan et al. modiﬁed orthogonal matching pursuit to
represent ECG signal with a dictionary [12].
Fig. 1. Schematic diagram of the proposed methodology to be
implemented in hardware.
In this paper, a 12-lead ECG device constructed
from off-the-shelf components and modules is pre-
sented. This device is equipped with set partitioning in
hierarchical trees (SPIHT), a wavelet based compres-
sion technique which have shown to have attractive
attributes as a compression algorithm. An additional
procedure to reorder the beat 2D ECG image is added
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to the algorithm before the signal is compressed. The
beat is sorted based on its similarity with each other, so
the adjacent beat is the most similar beat in term of its
shape thus increase the regularity and reduce the error
while preserve high compression rate. Experiment is
conducted to test the validity of this approach.
The organization for the rest of this paper is as
follows. Section II explains the methodology in this
paper thoroughly. The hardware system design is de-
scribed in section III. Experiment set-up and its result
are explained in section IV. Section V wraps this paper
with conclusion.
II. METHODOLOGY
A. Overview of proposed methodology
The complete proposed methodology is depicted in
Fig. 1. The whole process is composed of baseline
wander removal phase, beat detection phase, beat nor-
malization phase, 2D ECG array construction phase,
beat reordering phase, and SPIHT coding phase. This
methodology is adopted from methodology proposed
by Isa et al. [13] with the difference in beat reordering
phase. In his research, the beat reordering phase is
performed using fuzzy c-means algorithm. However,
due to the limitation of the hardware, a simpler ap-
proach to recognize similarity in adjacent beat using
normalized cross correlation is proposed in this paper.
Each procedure is going to be explained brieﬂy in the
following section.
Fig. 2. System design.
Baseline wander removal (BWR) is a process to
remove signiﬁcant drift from the isoelectric line in
ECG signal. We adopted the method proposed by
Sargolzaei et al. [14] which used discrete wavelet
transform. This method has the advantage than the
alternative low-pass ﬁltering approach because it has
adaptive nature by observing the power distribution in
multi resolution signal.
Beat detection process automatically annotate the
position QRS complex in the long ECG signal. This
position is used as the starting point to split the
whole signal reading into individual beats. The Pan
and Tompkins algorithm is used in this stage [15].
Beat normalization process is used to make the
length of each individual beats to become uniform.
This is needed because the length of each beat cut
off from the previous phase is not always in the same
Fig. 3. Complete hardware.
length (sample point). However, The same length is
needed in the wavelet decomposition process. There-
fore, we employ period and normalization (PAN) [16]
method to normalize the beat in this phase.
In 2D ECG array construction phase, each beats
are realigned into 2D array like an image formation.
This is intended because originally SPIHT algorithm
is proposed for image compression. Therefore, this
additional step (realign the beat into 2D image) is
necessary in order to use this algorithm with ECG
signal.
Before this 2D array is processed in SPIHT coding,
another step, beat reordering, is performed. This step
is intended to increase the regularity of signal, hence
increase its compressibility. On the original research
by Isa et al. [13], fuzzy c-means clustering technique
is used in this phase. After the clustering step is
performed, the beat is then sorted based on the distance
between each of them with the centroid of the cluster.
However, this method is computationally heavy and
also require large storage. In this paper, we use a
simpler approach based on morphological features
using cross correlation.
Set partitioning in hierarchical trees (SPIHT) coding
is then performed into array with reordered beats.
SPIHT one of the wavelet based compression algo-
rithm which exploits the similarity in the sub band of
wavelet decomposition in an image [17]. SPIHT can
works as lossless as well as lossy algorithm, depends
on the case set by the user. One of the attractive
features of SPIHT is its progressive transmission abil-
ity. SPIHT can select the most signiﬁcant bits to be
inserted in the transmission sequence. This works well
in area with poor internet connection.
B. Beat Reordering based on Normalized Cross Cor-
relation
Based on the result of Isa et a. [13], beat reordering
has the effect of reducing the error of the recon-
structed signal while maintaining high compression
ratio. This is achieved because beat reordering increase
the regularity in the 2D ECG array by selecting the
most similar beat to be placed adjacent to each other.
A clustering approach, fuzzy c-means, is used to
determine the beat position based on its distance from
the center of the cluster (centroid). However, fuzzy
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Fig. 4. Noisy ECG Signal with Very Low Frequency Base
Wandering and DC Offset.
Fig. 5. Clean Signal with Base Wandering and DC Offset Removed.
c-means is computationally heavy and unsuitable to
be implemented in hardware. Therefore, we choose
different approach by using cross correlation.
Cross correlation is a method to detect the similarity
between a signal with a designated template. The
similarity value of a signal x with a template p is
deﬁned by:
r(n) =
1
Np
Np−1∑
i=0
x(n+ i)p(i) (1)
Cross correlation is simple and efﬁcient algorithm
to be implemented in hardware platform. However, the
formulation in equation 1. is unsuitable to be used in
ECG signal because its invariant to the small ampli-
tude change in ECG signal. Therefore, a normalized
version of cross correlation is used. The equation for
normalized cross correlation is as follows.
Cuv =
∑N−1
i=0 (ui − u¯)(vi − v¯)√∑N−1
i=0 (ui − u¯)
∑N−1
i=0 (vi − v¯)
(2)
Normalized cross correlation still retain the simplic-
ity of cross correlation and do not posses its weakness
in detecting small changes in signal amplitude. There-
fore, it is the ideal algorithm to be implemented in the
hardware.
III. HARDWARE DESIGN AND IMPLEMENTATION
In order to simplify the design and process the
ECG signal directly, a device to convert the ECG
signal into digital signal with high resolution is greatly
needed. This situation is enforced because of the
Fig. 6. QRS detection for extraction of individual beat.
TABLE I
PIN CONNECTION BETWEEN ADS1298 AND BEAGLEBOARD.
Expansion pin Beagleboard ADS1298
1 1V8 IV8 (pin 7 J4)
2 5V 5V (pin 10 J4)
6 GPIO 146 CS (pin I J3)
11 GPIO 135 RESET (pin 8 J3)
13 GPIO 134 SCLK (pin 3 J3)
15 GPIO 133 SPI IN (pin 11 J3)
17 GPIO 132 SPI OUT (pin 13 J3)
19 GPIO 131 SPI START (pin 20 J3)
21 GPIO 130 SPI DRDY (pin 15 J3)
27 GND GND (pin 4,10, 18 J3)
28 GND GND (pin 4,10, 18 J3)
characteristics of the ECG signal which have very low
amplitude, in order of ± 5mV, and very high level of
offset and noise, in order of ± 300mV. Based on the
speciﬁcation from Association for the Advancement
of Medical Instrumentation (AAMI) and International
Electronic Commission (IEC), the maximum noise in
ECG electronic system have to be in the order of 30
μV.
Due to that reason, we picked available components
and module from the market that is capable of such
feat in order to realize the hardware. The system is
composed of ADS1298 ECG chip as an Analog-to-
Digital chip and a Beagleboard for processing unit.
The complete hardware system is depicted in Fig. 2.
ADS1296 is an analog-to-digital converter which
fully conforms the speciﬁcation from AAMI and IEC.
It can measure the ECG signal from a patient up to 12
lead. This chip has 24 bit resolution and the sampling
rate can be set from 250 Hz up to 32 KHz. This
chip is then connected ARM-based processor Cortex-
A8 OMAP3530 which is attached in a Beagleboard
module. OMAP3530 is a multimedia processor which
is equipped with DSP TM320C64X which make it
an ideal computation unit to process digital signal.
The clock speed is 1 GHz with 512 MB RAM. This
processor is designed with Package-on-Package (POP)
which make it small and compact. In order to connect
the ADS1298 with OMAP3530, a connection based
on Serial Peripheral Interface (SPI) is used with pin
connection listed in Table I.
To power the whole system, BeagleJuice is used
to send 1.5A current into the device with 6.5 hours
operational time. For visualization purpose, a modular
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Fig. 7. Clean Signal to be Normalized.
Fig. 8. Normalization Result
touch screen display, BeagleTouch is installed in the
system. The BeagleTouch have 480x272 resolution
with 262K color touchscreen OLED display. Being a
touch screen, BeagleTouch can also be used to interact
with the system and provide user input. The complete
visual of the whole system is depicted in Fig. 3. This
signal is then processed with BWR. The resulted signal
can be seen on Fig. 5.
IV. EXPERIMENT AND RESULT
In order to verify the effectiveness of the proposed
method, we set up experiment and evaluate the result.
The compressing scheme will be compared to other
method on the various compression ratio. Compression
ratio (CR) is deﬁned by the ratio between the number
of original bit to represent a data bo with number of
used bit br.
CR =
bo
br
(3)
We used root mean square error (RMSE) as evalua-
tion measurement of error in the reconstructed signal
compared with the original signal. The formulation for
RMSE is given in the following equation,
RMSE =
√∑N
n=1(x(n)− x′(n))2
N
(4)
where x is the original signal, x’ is the reconstructed
compressed signal, and N is the number of samples.
Another measurement that we used is percent of root
mean square difference (PRD) which is deﬁned by:
PRD =
√√√√∑Nn=1(x(n)− x′(n))2∑N
n=1 x(n)
2
(5)
Fig. 9. Original Signal before Recovered
Fig. 10. Recovered Signal
where N is the number of sampling points.
A. Compressing with cross correlation beat reordering
We used ECG dataset from physionet [18] with ten
records, I01, I08, I09, I11, I12, I13, I14, I18, I19,
and I20. Thirty minutes duration from each records
are taken. This signal is then processed with the exact
processes that have been explained in the methodology
sections. This signal is tested with 3 different com-
pression ratios, 1.4, 4, and 8. The error measurement
can be seen on Table II and Table III as root mean
square error (RMSE) and percent of root mean square
difference (PRD), respectively.
Table II shows the comparison of compression sig-
nal with and without sorting in RMSE. In compression
ratio of 1.4 only few difference shows in performance.
The alteration of RMSE seems bigger along the in-
creased of comparison ratio. We can more easily see
the difference in PRD which is displayed at Table III.
On that table, we may notice that as the compression
ratio increases, the error difference between the sorted
Fig. 11. Residual Signal
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TABLE II
ROOT MEAN SQUARE ERROR COMPARISON BETWEEN SORTED AND UNSORTED SIGNAL WITH DIFFERENT COMPRESSION RATIO
Record
RMSE (mV)
Unsorted Sorted
CR=1.4 CR=4 CR=8 CR=1.4 CR=4 CR=8
I01 0.019120 0.026162 0.046683 0.019120 0.024883 0.037560
I08 0.021218 0.024429 0.031133 0.021218 0.023986 0.029296
I09 0.019254 0.023629 0.032327 0.019254 0.022451 0.028442
I11 0.019012 0.019858 0.027228 0.019012 0.019437 0.022148
I12 0.018871 0.023766 0.032302 0.018871 0.022759 0.029328
I13 0.019870 0.019870 0.019870 0.019499 0.020218 0.028063
I14 0.019388 0.020546 0.028532 0.019388 0.020143 0.024249
I18 0.021218 0.036955 0.071006 0.021218 0.031847 0.053946
I19 0.022906 0.027332 0.053061 0.022906 0.024967 0.035479
I22 0.019261 0.022240 0.033648 0.019261 0.021271 0.028645
Average 0.020012 0.024479 0.037579 0.019975 0.023196 0.031716
TABLE III
PERCENT OF ROOT SQUARE DIFFERENCE COMPARISON BETWEEN SORTED AND UNSORTED SIGNAL WITH DIFFERENT COMPRESSION
RATIO
Record
PRD (%)
Unsorted Sorted
CR=1.4 CR=4 CR=8 CR=1.4 CR=4 CR=8
I01 5.500 14.798 20.324 5.500 9.685 15.944
I08 8.671 11.240 13.970 8.671 10.448 11.848
I09 8.104 12.644 18.455 8.104 9.674 14.053
I11 11.568 12.148 23.635 11.568 12.005 13.930
I12 4.960 8.379 13.486 4.960 8.496 12.140
I13 8.006 8.006 8.006 8.203 7.818 10.010
I14 8.482 9.617 18.642 8.482 8.676 13.926
I18 4.971 10.121 20.431 4.971 10.338 15.400
I19 7.772 8.137 15.443 7.772 8.293 9.410
I22 4.334 5.793 12.998 4.334 5.322 11.138
Average 7.237 10.088 16.539 7.257 9.076 12.780
signal and unsorted ones is getting wider. The gap in
1:1.4 compression ratio that is only 0.02% becomes
3.759% in 1:8 compression ratio.
From result which has been described previously, it
can be concluded that the effect of sorting technique
may reduce the distortion (error) in reconstructed
signal result. With this technique, the error will be
more reduced as the compression ratio get bigger.
So, linear pattern regarding the compression ratio was
produced. Even though not all individual records show
this behaviour, the average results follow this pattern.
B. Result of Hardware Implementation - Online Test-
ing
In order to test the hardware implementation, this
system is examined by entered a synthetic signal
created from patient simulator. Because the signal from
patient simulator is free from noise, we artiﬁcially add
noise in the form of a low frequency sine wave (0.005
Hz frequency and 1mVpp amplitude). This input signal
can be seen on Fig. 4. Each beat is then detected and
the result can be seen on Fig. 6.
The signal needs to be normalized. That may be
seen in Fig. 7. The normalized signal is shown in Fig.
8. The normalized signal have root mean square error
of 0.002650 mV and PRD of 6.73%.
This normalized signal is then compressed with a
ratio of 1.4 and it reconstructed. From the comparison
between signal after compression and input signal, a
root mean square error of 0.019870mV and PRD of
10.73% is achieved. The input signal may be seen on
Fig. 9 and reconstructed signal on Fig. 10. The residual
signal was also gotten. It could be seen on Fig. 11.
V. CONCLUSION
In this paper, a 12-lead ECG hardware has been
proposed. This system is also equipped with a com-
pression scheme based on set partitioning in hierarchi-
cal trees (SPIHT). A beat reordering technique based
on signal morphological to reduce the error while
maintain a high compression rate. The hardware is
constructed using several off-the-shelves modules and
components. The result of the experiment shows that
the added technique indeed produce less error. The
hardware is also tested with synthetic signals. Sorting
technique is shown that it may reduce error up to
around 4 percent.
On the next research, hopefully bitstream result
from SPIHT may converted again using arithmetic
encoding. The purpose of using this technique is to
optimize bitstream storage in terms of size reduction.
In hardware side, we need to include wireless trans-
mission module to send compression result to another
devices. Especially because we need to transport the
data into various devices, the demand of this module
becomes very high. This is also considering trend of
nowadays devices that rely on wireless interface rather
than the wired ones.
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